groups (i.e., neighborhoods). 1 Hence, within the same metropolitan area, some neighborhoods have a much higher incidence of unemployment than others.
To be sure, residential areas in the United States have long exhibited a tremendous amount of heterogeneity with respect to the characteristics of the households that inhabit them. Some neighborhoods, quite simply, tend to be populated by households with high levels of income and wealth, whereas others are inhabited by relatively poor households. It is therefore not at all surprising that, within any local labor market, there would be neighborhoods with high levels of unemployment and those with low levels.
T
he rate of unemployment is one of the most basic indicators used to gauge the state of the economy. High rates, of course, tend to occur in recessionary periods when levels of economic activity decline, whereas lower rates tend to prevail in times of expansion when employers typically increase the size of their payrolls. Over time, as the economy fluctuates between periods of expansion and recession, we see corresponding changes in the rate of unemployment.
Although this temporal variation in unemployment is widely known, there is also a fair amount of variation geographically. At any point in time, unemployment can differ substantially across states, cities, and counties as a result of differences in industrial compositions, labor market demographics, and region-specific shocks.
Geographic variation even extends down to extremely small areas: Census tracts and block However, what is particularly interesting about the extent to which individuals sort themselves by characteristics, such as the incidence of unemployment, concerns the potential implications for various labor market outcomes. In particular, a large literature examining "social interactions" has argued that the characteristics of individuals' residential areas greatly influence their economic outcomes. Case and Katz (1991) , for instance, find strong peer effects characterizing a variety of behaviors, including criminal activity, drug and alcohol use, schooling, and employment status within a sample of residential areas in Boston. Similarly, Topa (2001) finds evidence of local spillovers in unemployment across Census tracts in Chicago: High levels of unemployment within a neighborhood tend to have a negative influence on the employment prospects of individuals residing within or near that neighborhood. Wilson (1987) suggests that neighborhood effects of this sort form the basis of the rise in inner city poverty in the United States in recent decades. As successful workers have gradually left inner cities, those who remain are surrounded by rising levels of poverty and joblessness, which makes it increasingly less likely that the residents of these areas will find work.
Understanding the extent to which individuals are segregated, therefore, is an important topic. However, although existing research has looked at residential segregation based on race (e.g., Cutler, Glaeser, and Vigdor, 1999) and income (e.g., Wheeler, 2006) , relatively little work has studied the segregation of the unemployed from the employed. 2 This paper seeks to do so by examining the distribution of unemployment across metropolitan area-level neighborhoods, defined by Census block groups, over the years 1980, 1990, and 2000 . The primary findings indicate that the extent to which unemployed workers are concentrated residentially increased dramatically over this period. For example, in 1980 , the 90th percentile of the distribution of neighborhood unemployment rates averaged 11 percent over the 361 U.S. metropolitan areas in the sample, whereas the 10th percentile averaged 3.7 percent. By 2000, the 90th percentile had risen to 12.5 percent while the 10th percentile had dropped to 1.3 percent, suggesting that neighborhoods in the United States have become increasingly polarized into high-and low-unemployment areas. 3 What accounts for this trend? Although these are not intended to be a comprehensive set of potential explanations, I consider three possibilities. First, the process of urban decentralization (i.e., the gradual movement of metropolitan populations in the United States from central cities to suburban locales) may have reduced the employment opportunities of households that continue to reside in historical city centers. That is, just as Wilson (1987) has argued, sprawl may have created a steadily rising gap between rates of unemployment in central cities and those in suburbs. Second, changes in the labor market, such as declining union activity and the shift of employment away from manufacturing toward other sectors, may have reduced the employment opportunities for workers in particular neighborhoods more so than it has for others. For instance, if a city's low-to middle-income neighborhoods are populated primarily by manufacturing workers, whereas the residents of its high-income neighborhoods are employed in professional services, a decline in the manufacturing sector (or a rise in the professional services sector) may result in a rising differential between neighborhood unemployment rates. Third, there may have been an increase in the extent to which skilled and unskilled workers are segregated across residential areas. That is, independent of either urban decentralization or shifts in union and industrial activity, the degree to which high-and low-skill workers live in the same neighborhoods may have decreased over time, thus leading to rising concentration of unemployment.
To summarize briefly, the findings offer little support for either of the first two explanations.
The change in the amount of unemployment concentration across neighborhoods shows little association with changes in population density (a proxy for urban decentralization), changes in the local rate of union coverage, or changes in the shares of employment accounted for by nine broad industrial sectors (including manufacturing). The results do, however, reveal a strong positive association between unemployment concentration and measures of segregation according to income and (college) education across neighborhoods. As such, the findings suggest that rising concentration of unemployment is related to an increase in the extent to which households have sorted themselves residentially by income and education.
DATA AND MEASUREMENT
The data are taken from the decennial U.S. Census of Population as compiled by GeoLytics. 4 These files identify a variety of characteristics of the households residing in a host of geographic units, including counties, tracts, and neighborhoods, throughout the entire country. The primary advantage of the GeoLytics files is the consistency of the spatial units for which the data are identified: GeoLytics maintains a constant set of definitions in computing aggregate statistics for neighborhoods, tracts, counties, and all other geographic entities. As a result, the statistics reported for each spatial unit are directly comparable from one year to the next.
From these data, I create a number of variables at the metropolitan area-level, including population demographics, density (i.e., residents per square mile), and industrial composition. I also construct a rate of union coverage for each metropolitan area using the state-level rates reported by Hirsch, Macpherson, and Vroman (2001) . 5 These quantities are intended to help identify the characteristics that are associated with changes in the geographic distribution of unemployment within a city. 6 The primary object of interest-the degree to which unemployment is spatially concentratedis measured in two fundamental ways. First, I compute the differences between three percentiles (90th, 50th, and 10th) of the distribution of neighborhood-level unemployment rates. 7 Higher values of these three differentials (90-10, 90-50, 50-10) indicate greater disparity (i.e., higher concentration) among neighborhood-level unemployment rates.
Second, I calculate an index of dissimilarity, which measures the degree to which the members of a particular group (in this case, unemployed individuals) are unevenly distributed throughout a city's neighborhoods. This index is given as follows: (1) where unemp i is the number of unemployed individuals in neighborhood i, unemp total is the number of unemployed individuals in the metropolitan area, emp i is the number of employed individuals in neighborhood i, emp total is the number of employed individuals in the metropolitan area, and N is the total number of neighborhoods in the metropolitan area.
As described by Cutler, Glaeser, and Vigdor (1999) , the index of dissimilarity ranges between 0 (least concentrated) and 1 (most concentrated) and is commonly interpreted as the fraction of unemployed individuals that would need to move (i.e., change neighborhood of residence) in order for the unemployed to be uniformly distributed across a city's neighborhoods. This particular metric has been widely used in the literature studying trends in racial segregation, but it can be applied readily to the analysis of segregation based on any binary indicator. 6 Metropolitan areas are the local labor markets examined throughout the analysis. The terms "city" and "metropolitan area" are used interchangeably for expositional purposes.
I define neighborhoods as block groups, which are the smallest geography for which detailed Census data are publicly available. As noted here previously, block groups are quite small: In the year 2000, they averaged approximately 500 households and covered roughly a third of a square mile. Households within the same neighborhood, then, can reasonably be expected to have some sort of interaction with one another (e.g., passing on the street). Conceptually, this feature of neighborhoods matches well with the theoretical literature on neighborhood effects (e.g., Benabou, 1993) , which treats neighborhoods as areas over which economic agents come into contact with one another.
BASIC TRENDS
Between 1980 and 2000, the unemployed became increasingly concentrated in relatively few residential areas. For example, in 1980, the median unemployed worker lived in a neighborhood with an unemployment rate of 7.5 percent (i.e., the unemployment rate within a worker's own neighborhood of residence was 7.5 percent or greater for at least 50 percent of all unemployed workers). 8 Two decades later, the median unemployed worker lived in a neighborhood with an unemployment 8 This figure is calculated by taking a weighted median across all neighborhoods within a metropolitan area, where the weights are the number of unemployed individuals within each neighborhood. rate of 7.9 percent. This trend is particularly striking in light of the fact that the average metropolitan area unemployment rate declined from 6.9 percent to 5.9 percent over this period. Rising residential concentration of the unemployed is also apparent from the index of dissimilarity (1) and the percentile differentials. Summary statistics appear in Table 1 . 9 On average, the dissimilarity index increased from 0.18 in 1980 to 0.31 in 2000. Again, interpreting this index as the fraction of unemployed workers that would need to relocate in order for the unemployed to be uniformly distributed in a metropolitan area, these results reveal an enormous increase in the concentration of unemployment. An additional 13 percent of all unemployed workers would have needed to relocate in 2000 to equalize unemployment across all neighborhoods.
The percentile differences reveal a qualitatively similar pattern. In 1980, the average difference between the neighborhoods at the 90th and 10th percentiles of the unemployment distribution was 7.3 percentage points. Two decades later, the difference was 11.2 percentage points. Based on the 90-50 and 50-10 differences, it is clear that this increase occurred at both the top and bottom of the neighborhood unemployment distribution, although the majority of the increase in the 90-10 gap was associated with an increase of the 90th percentile relative to the median. The average 90-50 gap increased by 3 percentage points between 1980 and 2000, whereas the mean 50-10 gap increased by 1 percentage point. Although doing so does not influence the magnitudes of the percentile differences, it is also worthwhile to examine the evolution of each unemployment percentile after controlling for each metropolitan area's overall unemployment rate. That is, Figure 1 may be somewhat difficult to interpret because the percentiles may be higher (or lower) in one year than another simply because overall rates of unemployment have risen (or fallen). As an alternative, I calculate a set of "normalized" percentiles by taking the deviations of each metro area's percentiles from its overall rate of unemployment. That is, instead of reporting the three raw percentiles, I report each percentile minus the unemployment rate for the entire metropolitan area. The averages of these normalized percentiles appear in Figure 2 . What they show, of course, is very much the same pattern: an increase in the rate of unemployment among neighborhoods with already high levels of unemployment and a decrease among neighborhoods with already low levels. 11
SOME POSSIBLE EXPLANATIONS
What might account for the increase in the geographic concentration of unemployment? This section considers three straightforward hypotheses that might help to explain this trend: the movement of city populations toward suburban areas (sprawl), changes in industrial composition and union activity, and rising segregation of individuals by income and education.
Sprawl
One of the most prominent theories in urban economics over the past half century suggests that the movement of population and employment away from city centers toward suburban locales has created an underclass of unemployed workers in central cities. This idea, known widely as the spatial mismatch hypothesis, was first studied by Kain (1968) .
The basic rationale behind this theory is straightforward. As city populations and employers move away from traditional central business districts, it becomes more difficult for workers who choose to remain in those central cities to 11 The normalized 90th, 50th, and 10th percentiles were 0.042, -0.004, and -0.031, respectively, in 1980. In 2000, they were 0.066, -0.009, and -0.046. Normalized Neighborhood Unemployment Percentiles find and secure jobs. Increased spatial isolation from employment opportunities, presumably, increases commuting costs and makes the job search process more difficult. In addition, increased distance may limit access to information about available jobs or create negative attitudes about central city workers among employers. Thus, as employers move farther away, it becomes less likely that the residents of historical city centers will be able to locate and maintain a job. Although somewhat mixed, the evidence does provide some support for this idea. Weinberg (2000) finds that job centralization, measured by the fraction of jobs located within the central city of a metropolitan area (relative to the fraction of residents in the central city), is strongly, positively associated with the employment rate of black workers. These workers, on average, represent large fractions of central-city dwellers. Ihlanfeldt and Sjoquist (1989) find that the earnings of both black and white low-skill workers tend to decrease with job decentralization, which is consistent with the idea that sprawl has made it more difficult for individuals in certain neighborhoods to find work.
Quantifying sprawl, however, tends to be somewhat difficult because the term does not have a precise definition. There are, of course, a variety of measures that attempt to capture the basic concept that individuals and employers move from dense cores toward less-populated suburban peripheries. Such measures include the fraction of a metropolitan area's population or employment located in a central city, the fraction within certain distances of the historical city center, or overall metropolitan area density. As it happens, many of these measures turn out to be positively correlated with one another (see Glaeser and Kahn, 2004) .
In this paper, I quantify urban decentralization within a metropolitan area using population density, which is constructed as a weighted average of neighborhood-level densities. The weights in this case are given by each neighborhood's share of total metropolitan area population. Hence, a metropolitan area's density is taken to be the density of the neighborhood in which the average resident lives. Because suburban locales tend to have much lower residential densities than urban cores, lower levels of population density ought to be associated with more extensive sprawl. 12 Summary statistics describing levels of population density among the 361 metropolitan areas in the sample in each year appear in Table 2 . Between 1980 and 2000, the average metropolitan area saw its density decrease from 3,080 to 3,004 residents per square mile. Although average density did increase slightly during the 1980s, it dropped during the 1990s, leaving the residential density faced by a typical metropolitan resident lower in 2000 than in two decades earlier. 13 This pattern is generally consistent with the longstanding trend for U.S. populations to spread out geographically.
Industrial Shifts and Unionization
The past several decades have been characterized by decreasing employment in certain sectors, but increasing employment in others. Most notably, manufacturing employment has decreased while service employment has increased. In addition, rates of unionization have fallen substantially.
Some of these changes can be seen in the summary statistics reported in Table 2 . Between 1980 and 2000, the average share of manufacturing in total employment declined from 22 percent to 14 percent across the 361 metropolitan areas in the sample, whereas the fractions of workers employed in education and health services rose from 17 percent to 20 percent. Rates of unionization decreased from an average of 24 percent in 1980 to 14 percent in 2000.
How might these changes influence the geographic distribution of unemployment within a metropolitan area? If workers in certain neighborhoods tend to be employed in similar types of industries, or if unionization is relatively con- centrated among the residents of certain neighborhoods, these changes may have produced differential rates of unemployment across different areas within a city. In other words, rather than a change occurring in the way residents of a metropolitan area sort themselves across neighborhoods (e.g., into areas populated primarily by either highskill or low-skill workers), it may simply be that changes in the labor market have affected workers in different neighborhoods in different ways.
Segregation by Income and Education
The increase in concentration of unemployment may, on the other hand, be the product of greater segregation of individuals by income and education. If the manner by which individuals sort themselves into residential areas has created neighborhoods with concentrations of either highor low-skill individuals, we should see increasing disparity between the unemployment rates of different neighborhoods. Low-skill individuals, after all, tend to experience higher rates of unemployment than high-skill individuals. 14 On the surface, this explanation seems related to the urban decentralization hypothesis sketched above. Indeed, previous work has suggested that as city populations spread out, households become increasingly sorted into high-and low-income neighborhoods (e.g., Glaeser and Kahn, 2004) . Recent work, however, challenges this view. In particular, Wheeler (2006) finds little association between the extent to which urban populations spread out and the income differentials they exhibit across either neighborhoods or tracts.
To quantify income segregation, I compute the extent of variation between neighborhoods as follows: (2) where yi is the average household income of neighborhood i, y -is the average household income in the city, ω i is the share of the metropolitan area's households living in neighborhood i, and N is the number of neighborhoods in the metropolitan area. This quantity reflects the extent of heterogeneity in the average income levels of different residential areas. To measure educational segregation, I compute an index of dissimilarity for college graduates. 15 Recall, the resulting values represent the fraction of a city's population with a bachelor's degree or more that would have to relocate for these individuals to be uniformly distributed throughout the city.
Summary statistics describing the evolution of these two segregation measures appear in Table 2 . Clearly, both quantities increased between 1980 and 2000. On average, the amount of betweenneighborhood income variation nearly doubled over this period, although essentially all of the increase took place during the decade of the 1980s. The dissimilarity index for college graduates rose from 0.29 to 0.34 between 1980 and 1990. It then showed a modest decline during the 1990s, dropping to 0.33 by 2000.
EMPIRICAL ANALYSIS

Specification and Primary Results
To test the hypotheses outlined here, I consider the following statistical model in which the degree of neighborhood unemployment heterogeneity (or concentration) in city c in year t, s ct , is expressed as follows: (3) where δ c is a city-specific effect intended to represent any time-invariant characteristics that may influence the extent of variation in unemployment across a city's neighborhoods (e.g., a long-standing history of residential segregation), δ t is a yearspecific effect designed to pick up time trends that influence all cities, X ct is a vector of timevarying city-level characteristics, and ε ct is a statistical residual. The vector of characteristics, X ct , includes the following: log population density; the proportions of the city's resident population that are (i) female, (ii) black, (iii) foreign-born, (iv) under the age of 24, and (v) over the age of 65; the share of total employment in each of nine broad sectors; the city's overall unemployment rate; the proportion of the city's labor force that is covered by a union contract; and measures of segregation of households by income and education across neighborhoods. 16 I also include three region dummies that are interacted with the year indicators, δ t .
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Many of these variables are intended to account for some basic economic and demographic factors that may influence the distribution of unemployment within a city's neighborhoods. Unemployment might, for example, vary significantly across neighborhoods as a result of the racial, gender, or age composition of the local population. In addition, some neighborhoods may be more sensitive to changes in the local business cycle than others. Hence, the unemployment rate and the six region-year interactions are included Table 3 Correlates to control for the influence of fluctuations in local and regional economic activity. The remaining covariates are included to assess the hypotheses sketched above. In particular, population density is a rough proxy for urban decentralization; the industry shares and unionization rate quantify changes in the labor market facing workers; and the segregation measures represent the degree of income and educational sorting across a city's neighborhoods.
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Estimation of equation (3) is accomplished using the within-estimator, whereby all variables are expressed as deviations from averages taken within metropolitan areas. The parameters are then estimated by ordinary least squares. The results appear in Table 3 . Each column lists the coefficients for a particular measure of unemployment concentration.
Beginning with the unemployment dissimilarity index in the first column of estimates, it is evident that a number of the demographic characteristics are significantly associated with the geographic concentration of unemployment. Cities with larger fractions of individuals either under 24 or over 65 years of age tend to have more unequal distributions of unemployed workers across neighborhoods. Cities in which these two groups are heavily represented may, for example, be strongly segregated by age. College towns, for instance, have large fractions of relatively young households clustered in certain neighborhoods. If these individuals also experience relatively high rates of unemployment, the dissimilarity index would be especially high in these cities. The significantly positive coefficient on the college fraction, which tends to be especially high in college towns, may reflect this same effect. The results also suggest that a higher fraction of the resident population that is foreign born corresponds to less unemployment concentration. This finding may simply indicate that cities with large numbers of immigrants have rapidly growing economies and, hence, a low incidence of unemployment among all individuals. It could also be a reflection of the fact that immigrants tend to be more active labor force participants than domestic workers, at least among those who have relatively little education (Aaronson et al., 2006) . Moving on to the three hypothetical causes for the rise in unemployment concentration, it is apparent that sprawl shows little systematic association with the dissimilarity index. The coefficient on the logarithm of population density is statistically negligible. In addition, the union coverage rate and five of the nine industry shares are insignificant. Moreover, based on the signs of the four significant industry share coefficients, none supports the hypothesis sketched in the section "Industrial Shifts and Unionization." In particular, the decline of manufacturing and rise of professional services (e.g., education) should be associated with the displacement of relatively low-skill workers but rising employment opportunities for high-skill workers. To the extent that these types of workers reside in different neighborhoods, these changes should generate greater concentration of unemployment. According to the results in Table 3 , these changes tend to be associated with decreases in unemployment concentration.
Changes in the extent of residential segregation by income and education, by contrast, correlate strongly with changes in the geographic concentration of unemployment. There is, of course, likely to be some endogeneity associated with the income segregation variable. After all, as the distribution of unemployed households becomes more uneven within a metropolitan area, the distribution of income will very likely become more uneven, too, because income tends to be strongly tied to employment status. As a result, the coefficient on income segregation likely exhibits some upward bias. Nevertheless, the positive association between these two quantities is at least broadly consistent with the incomesorting hypothesis.
Moreover, the estimates also demonstrate a significant connection between unemployment concentration and the segregation of college graduates, which is less obviously endogenous with respect to the dependent variable. Unlike income differentials across neighborhoods, there is little reason to believe that an increase in the concentration of unemployed households should cause highly educated households to become more segregated residentially. This suggests that
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M A R C H / A P R I L 2 0 0 7 any bias in the estimated coefficient on the education dissimilarity index may be small. The estimates in the next three columns of Table 3 , where the dependent variables are the unemployment percentile differences, offer many of the same conclusions. The greater the change in the extent of between-neighborhood income variation or the separation of college graduates from individuals with less education, the larger the differentials in the unemployment rates of different residential areas. Neither the unionization rate nor the log of population density shows a significant association with any of the differentials, and only a few of the industry shares produce significant coefficients.
As one might expect, changes in a metropolitan area's overall unemployment rate are strongly associated with the dissimilarity index and all three unemployment rate differentials, suggesting that the local business cycle is an important determinant of the geographic distribution of unemployment. Again, if economic downturns simply affect workers in certain neighborhoods (say, lowskill workers in relatively low-income areas) more than others, then one would expect to see all four measures of unemployment concentration move directly with the overall rate of unemployment.
That is precisely what the estimates in Table 3 indicate. Interestingly, however, even after having accounted for this effect, there remains strong evidence that rising concentration of unemployment has been driven by changes in the extent to which households are segregated by income and education. Thus, although local business cycle effects are clearly important, they cannot completely account for the trends in neighborhoodlevel unemployment.
Results Using Weighted Percentiles
Because the percentiles used above are computed in an unweighted fashion, it is possible that they provide misleading inferences about the extent to which unemployed workers are spatially concentrated. For example, certain neighborhoods may be extremely small, possessing only a few households, the majority of whom happen to be unemployed. These neighborhoods may then help to create extremely large values for a 90-10 or 50-10 difference. Yet, because they only contain an extremely small share of a metropolitan area's total stock of unemployed individuals, unemployment concentration might, in actuality, be somewhat modest in this metro area.
A similar problem does not influence the dissimilarity index because, as shown in equation (1), the index implicitly gives less weight to neighborhoods with smaller numbers of employed and unemployed individuals. Hence, an extremely small neighborhood with a very high unemployment rate will contribute relatively little to the index value because its shares of unemployed and employed workers will be small.
In this section, I examine weighted percentiles, where the weights are given by the size of each neighborhood's labor force. After computing these percentiles, I simply create 90-10, 90-50, and 50-10 differences and estimate the same regressions as those reported in Table 3 .
Summary statistics indicate that these weighted measures of unemployment concentration did rise, although not as sharply as the unweighted measures. On average, the 90-10, 90-50, and 50-10 differences stood at 0.069, 0.044, and 0.026, respectively, in 1980. By 2000, they had risen to 0.096, 0.065, and 0.031.
The regression results for these weighted differentials are presented in Table 4 . For the most part, they generate similar conclusions to those drawn earlier. There is little evidence of the importance of industrial shifts and changes in union activity. Population density does, in this case, show a significant association with the 90-10 and 90-50 differences. However, the coefficients are positive, indicating that rising sprawl (i.e., falling density) is associated with less unemployment concentration rather than more.
On the other hand, there is once again strong evidence that the rising segregation of individuals by educational attainment-specifically, the separation of college graduates from those with less education-and increasing income variation across neighborhoods are associated with rising unemployment concentration. Cities characterized by larger increases in residential sorting along these two dimensions have seen, on average, larger increases in their levels of unemployment concentration.
CONCLUSION
This paper has documented a rise in the extent to which unemployed households throughout 361 U.S. metropolitan areas have become concentrated residentially. In 1980, the median unemployed worker resided in a neighborhood with an unemployment rate of 7.5 percent; by 2000, that rate was 7.9 percent. Again, this is particularly striking in light of the fact that, on average, unemployment rates were lower in 2000 than in 1980. Other measures of residential concentration of the unemployed-an index of dissimilarity and differences between three percentiles (either weighted or unweighted) of the neighborhood unemployment distribution-show similar qualitative trends. Hence, although the overall rate of unemployment has not trended upward over time, there is evidence of an upward trend in the spatial concentration of the unemployed within the country's urban labor markets.
Among three plausible explanations, I find the greatest support for the idea that increased segregation of households by income and educational attainment underlies this trend. There is less consistent evidence that sprawl or structural changes in the labor market are responsible.
As noted in the introduction, these results are especially interesting because the literature on neighborhood effects suggests that a number of labor market outcomes are tied to the characteristics of one's place of residence. Indeed, following this general premise, rising unemployment concentration may help to account for two additional trends that have been observed in the United States over the past three decades: (i) rising inequality in both income and earnings and (ii) an increase in the expected duration of unemployment. Both are well documented. Between 1971 and 1995, the amount by which the 90th percentile of the U.S. wage distribution exceeded the 10th percentile grew from 266 percent to 366 percent (Acemoglu, 2002) . 17 This increase has been accompanied by growing dispersion among the earnings of individuals of different "skill" groups (e.g., as defined by education and experience) as well as those within the same group. Although there has not been a long-run trend in the overall rate of unemployment, Abraham and Shimer (2001) report that the mean unemployment duration rose by roughly 20 percent (from 10 weeks to 12 weeks) between 1980 and 2000. Much of this rise can be linked to an increase in what they call "very long-term" unemployment (more than 26 weeks), which has more than tripled as a share of the labor force since 1969.
As one might expect, research studying these two patterns has identified some of the most likely culprits. Rising inequality is very likely related to skill-biased technological change, changes in the institutional makeup of the labor market (e.g., declining union activity and minimum wage changes), and growth in international trade and immigration. Longer spells of unemployment are probably tied to demographic changes, especially the aging of the working population and an increase in the fraction of women participating in the labor force. Older workers and women tend to experience somewhat longer periods of unemployment (Abraham and Shimer, 2001) .
Very little work, however, has considered that there may be a spatial aspect to these phenomena. With rising concentration of the unemployed, workers in search of a job might find it increasingly difficult to locate one. Recall that Topa (2001) finds evidence consistent with local spillovers in unemployment status across Census tracts in Chicago. Again, this result may be the product of an adverse network effect (i.e., if workers find jobs through neighborhood contacts) or employers simply avoiding workers from highunemployment neighborhoods due to a social stigma. Rising concentration of unemployment in certain neighborhoods may, then, give rise to growing unemployment durations among workers living in these neighborhoods and further decrease their income and labor earnings relative to the rest of the labor force over time.
It is interesting to note that, over the sample period studied here, the majority of the increase in the geographic concentration of unemployment took place during the 1980s, when much of the rise in both income inequality and unemployment duration took place. Although far from conclusive, the fact that the timing of these phenomena matches closely certainly suggests that there may be a connection among them. 
